To identify novel genes associated with pediatric pilocytic astrocytoma (PA) for better understanding the molecular mechanism underlying the pediatric PA pathogenesis. Gene expression profile data of GSE50161 and GSE44971 and the methylation data of GSE44684 were downloaded from Gene Expression Omnibus. The differentially expressed genes (DEGs) between PA and normal control samples were screened using the limma package in R, and then used to construct weighted gene coexpression network (WGCN) using the WGCN analysis (WGCNA) package in R. Significant modules of DEGs were selected using the clustering analysis. Function enrichment analysis of the DEGs in significant modules were performed using the WGCNA package and clusterprofiler package in R. Correlation between methylation sites of DEGs and PA was analyzed using the CpGassoc package in R. Totally, 3479 DEGs were screened in PA samples. Thereinto, 3424 DEGs were used to construct the WGCN. Several significant modules of DEGs were selected based on the WGCN, in which the turquoise module was positively related to PA, whereas blue module was negatively related to PA. DEGs (for example, DOCK2 (dedicator of cytokinesis 2), DOCK8 and FCGR2A (Fc fragment of IgG, low affinity IIa)) in blue module were mainly involved in Fc gamma R-mediated phagocytosis pathway and natural killer cell-mediated cytotoxicity pathway. Methylations of 14 DEGs among the top 30 genes in blue module were related to PA. Our data suggest that DOCK2, DOCK8 and FCGR2A may represent potential therapeutic targets in PA that merits further investigation.
INTRODUCTION
Pilocytic astrocytoma (PA) represents the most frequent pediatric brain tumor, 1 accounting for about 23 .5% of childhood malignancies of central nervous system. 1,2 PA grows slowly, typically benign. However, the disease can be life threatening. Surgery is the main treatment method for PA that provides a satisfactory long-term survival. 3, 4 However, patients undergoing surgery may suffer from some side effects, such as epileptic seizure. In addition, 20% of patients undergoing surgery treatment are at risk of recurrence, maybe caused by incomplete surgery. 5 Therefore, the treatment of PA remains a challenging issue, highlighting the importance of exploring molecular processes triggering PA and developing novel therapy strategies.
In recent years, increasing efforts have been focused on understanding molecular mechanisms contributing to the PA initiation and progression, including DNA, 6 -8 methylation, 9 mRNA 10 and microRNA 11 alterations. Studies reveal that the mitogen-activated protein kinase/extracellular signal-regulated kinase signaling pathway is constitutively activated in the vast majority of PA. 12 The activation of mitogen-activated protein kinase/extracellular signal-regulated kinase signaling pathway may be associated with DNA alterations, such as NF1 deletion and mutation, v-raf murine sarcoma viral oncogene homolog B (KIAA1549/BRAF) fusion, SLIT-ROBO Rho GTPase activating protein 3 (SRGAP3/RAF1) fusion and BRAF V600E activating mutation. [6] [7] [8] In addition, mRNA expression aberrations have also been identified in the mammalian target of rapamycin, 13, 14 phosphatidylinositol 3 kinase signaling pathway 15 or Matrilin 2 genes 10 in PA patients. Besides, DNA methylation is an epigenetic mechanism regulating gene expression. DNA methylation aberrations have been found to have critical roles in the pathogenesis of many tumor models. 16, 17 However, an early study by Uhlmann et al. 18 showed no evidence of CpG island hypermethylation in PA. Recently, Lambert et al. 9 found that infratentorial PA showed hypomethylation level compared with supratentorial PA, and methylation levels in tumor tissues were associated with the locations of PA occurrence.
In spite of numerous studies concerning the PA pathogenesis, the exact molecular basis of the process still remains undefined. Gene coexpression network analysis (GCNA) is a powerful approach to study the mechanism underlying the tumorigenesis, for coexpressed genes that are likely to be jointly involved in the cancer pathogenesis. By applying weighted gene coexpression network (WGCN) to two independent PA gene expression studies, this study aimed to analyze the functional dysregulation of immune-related processes involved in the PA pathogenesis, and to complement previous gene expression and genetics evidence of the immunological aberration in the pathogenesis of PA. The study may offer the potential novel therapeutic strategies for PA.
MATERIALS AND METHODS

Data preprocessing and differentially expressed genes (DEGs) screening
Center of Biotechnology Information (NCBI) 20 based on the platform of Affymetrix Human Genome U133 Plus 2.0 Array (Santa Clara, CA, USA). The data set of GSE44971 contains 49 PA samples (in which 8 samples from adults with age ranging from 19 to 26) and 9 normal cerebellum samples (5 from embryos and 4 from adults). Thereinto, PA samples only from children aged from 0 to 18 years were selected for further analysis. Besides, 15 PA samples and 13 normal cerebellum samples from GSE50161 were chosen in our study. In addition, the methylation profile data of GSE44684, 9 containing 61 PA samples and 6 normal cerebellum samples from children, were downloaded from the GEO database based on the platform of GPL13534 Illumina Human Methylation 450 Bead Chip (Human Methylation 450_15017482) (San Diego, CA, USA).
The probe-level data in CEL files were first converted into the gene expression values using the Affy package. 21 In the case if there is more than one probe in a single gene, the average expression values of all probes for a given gene were defined as the gene expression value. Batch normalization and quartile normalization were performed using the sva package (Jeffrey T Leek, Johns Hopkins University, Baltimore, MD, USA) and preprocessCore in R (Benjamin Milo Bolstad, University of California, Berkeley, CA, USA), respectively (Supplementary Figure S1) . Besides, methylation probes with the Po0.05 were filtered, as well as the methylation signals on X and Y chromosomes.
The DEGs were selected using the Linear Models for Microarray Data (limma) method, which was performed by the limma package in R. 22 The |log 2 fold change (FC)|40.585 and P-values o0.05 were chosen as the threshold.
WGCN analysis (WGCNA)
WGCN network of DEGs was constructed using the WGCNA package in R 23 with the following steps: first, gene clustering tree was created based on gene expression similarity matrix using 3479 selected DEGs (Supplementary Figure S2 ). Following pruning the less connected nodes, the branch with the maximal gene was retained for subsequent analysis based on the dendrogram height. The height threshold was set to include no 43600 genes. Considering that the WGCN we created was close to scale-free topology, weighted coefficient β was selected based on scale-free topology criterions, allowing maximal correlation coefficient. The β value is set as weighting coefficient only when the correlation coefficient between log (k) and log (p(k)) reaches 0.8, where p(k) is the proportion of nodes with connectivity k. Here the β value was selected so that the initial correlation coefficient reached 0.8.
The adjacency coefficient α was computed using a power function (α mn = power(S mn ,β) = |S mn | β ), which measures correlation strength between two genes. Based on the adjacency coefficient, the adjacency matrix was created. The adjacency matrix was computed as: ϖ mn ¼ lmnþαmn minfkm;kngþ1 -αmn , where S mn = |cor(m, n)| represents expression correlation coefficient, l mn ¼ P μ α mμ α nμ represents the sum of products of the adjacency coefficients of the nodes connected to both m and n. k m ¼ P μ α mμ represents the sum of the adjacency coefficients of the nodes only connected to m. k n ¼ P μ α nμ represents the sum of the adjacency coefficient of the nodes only connected to n. ϖ mn = 0 if two nodes are not connected, and do not share any neighbors. The dissimilarity between two nodes was calculated as the formula d ϖ mn ¼ 1 -ϖ mn . After adjacency parameter was determined, the correlation matrix was transformed into an adjacency matrix. The adjacency matrix was subsequently transformed into a topological overlap matrix.
Identification of significant modules by cluster analysis
Genes were hierarchically clustered using the dissimilarity coefficient as the distance measure. Each branch corresponds to a gene module. Currently, there are mainly two algorithms available for hierarchical clustering: the static and dynamic tree-cutting algorithms. We assigned modules containing at least 30 genes by using a mixed dynamic tree-cutting algorithm criterion. Following module detection, we calculated the eigengenes for each module, and clustered modules to merged close modules into new modules.
Finally, module eigengenes were associated with disease information to calculate a correlation coefficient between each module and disease. Two approaches were used to measure associations of modules with PA. The correlation coefficient approach calculates the correlation coefficient between module eigengenes and disease states. The module with the maximal absolute correlation coefficient is defined as the module that is best significantly associated with diseases. The network significance approach determines the module associated to diseases based on module significance. The module significance is defined as the average gene significance in a module, and the gene significance is defined as log (p), where p denotes the P-values from the t-test for identification of differential expression between two groups. High module significance values denote high association with diseases.
In addition, the WGCNA of the top 30 DEGs in the selected significant modules was constructed using Cytoscape software, 24 which represents an excellent software for visualizing and analyzing molecular interaction networks.
Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of DEGs in modules
Significant GO categories of the selected DEGs were carried out using WGCNA in R. 23 KEGG enrichment analysis was performed using the clusterprofiler package in R. 25 The P-value o0.05 was chosen as the threshold.
Analysis of association between methylation and PA CpGassoc 26 is designed to test for association between methylation at CpG sites across the genome and a phenotype of interest, adjusting for any relevant covariates. The package can perform standard analyses of large data sets very quickly with no need to impute the data. Association between methylation and PA was determined using the CpGassoc package 26 in R with P-value o 0.05.
RESULTS
Data preprocessing and DEGs screening
Totally, 76 PA samples from the two profile data were normalized using the Affy package ( Figure 1 ). The median line of expression values was on the same horizontal line, indicating the data were Table S1 ). Figure S2) , the dendrogram height threshold was set as 15, in which 3242 DEGs were selected for WGCNA. The weighting coefficient β value is set as 9 according to the distribution of the square correlation coefficient between log (k) and log (p(k)) (Supplementary Figure S3) . Combining modules with eigengene, we extracted modules containing at least 30 genes, and found that the network contained 12 modules, corresponding 12 colors as indicated in Figure 1 . Correlation coefficient of the turquoise module was positively corrected with PA (correlation coefficient = 0.91, P o0.01) (Supplementary Table S2 ), suggesting that DEGs in the turquoise module are oncogene. Also, the blue module was negatively corrected with PA (correlation coefficient = − 0.79, P o 0.01), suggesting that DEGs in the blue module may be a tumorsuppressor genes.
WGCN construction and modules selection Based on clustering analysis (Supplementary
In addition, we also analyzed the distribution of the gene significance in the module to verify the correlation between the identified module and PA (Figure 2a) . The mean gene significance value of the turquoise module was the highest (40.6), whereas module significance of the blue module was between 0.5 and 0.6. Thus, we conclude that the turquoise module may have the most important role in PA, and then the blue module.
In accordance to correction coefficient analysis, the modules positively corrected with PA and the modules negatively corrected with PA were clustered separately (Figure 2b) . Furthermore, the genes within modules display more topological overlap than the genes across modules according to the topological overlap heatmap in the gene network ( Figure 3 ).
GO enrichment analysis of DEGs in the top two significant modules The biological significance of DEGs in both the turquoise and blue modules was surveyed using GO enrichment function in the WGCNA package (Supplementary Table S3 ). GO terms of DEGs in the blue module were mainly involved in many biological processes such as immune process, defense reaction, immune regulation, cell apoptosis and inflammatory response. Besides, GO terms of DEGs in the blue module is inversely related to PA, we hypothesize that PA cells may circumvent the normal cell apoptosis by inhibiting expression of the gene related to immune regulation and cell apoptosis. The turquoise module was enriched for genes related to biological processes of various cell differentiations and membrane parts. 
R E T R A C T E D
KEGG enrichment analysis of DEGs in the top two significant modules Significant pathways of DEGs in turquoise and blue modules were analyzed using the clusterProfiler in R. DEGs in the turquoise module were involved in two pathways: the calcium signaling pathway and the neuroactive ligand-receptor interaction pathway (Table 1a) .
In addition, DEGs in the blue module were involved in 19 signaling pathways (Table 1b) , in which the osteoclast differentiation pathway and the cytokine-cytokine receptor interaction pathway contained the largest number of genes, and then the natural killer cell-mediated cytotoxicity pathway. Fifteen genes in the blue module were enriched in the chemokine signaling pathway. Chemokines are small chemoattractant peptides that guide the cell trafficking. These molecules may direct leukocytes to the tumor site, regulate tumor-leukocyte interaction, and modulate tumor transformation, survival, growth, invasion and metastasis. 27 Nine genes in the blue module were enriched in the Fc gamma R-mediated phagocytosis pathway, which also enrich the top 30 genes in the blue module such as DOCK2 (dedicator of cytokinesis 2), FCGR2A (Fc fragment of IgG, low affinity IIa, receptor), PIK3CG (phosphatidylinositol-4,5-bisphosphate 3-kinase, catalytic subunit gamma), PTPRC (protein tyrosine phosphatase, receptor type, C), SYK (spleen tyrosine kinase) and VAV1 (vav 1 guanine nucleotide exchange factor). Together, the annotations provide evidences of functional dysregulation of immune-related processes in PA.
Identification and functional analysis of key genes in the top two significant modules Among the genes in the turquoise module, the top 30 genes were enriched for genes related to biological processes of transmission of nerve impulse, cell-cell signaling, neuron part and ion (Table 2) . WCGNA for the top 30 genes in the turquoise module showed that 26 genes were upregulated with fold change 44 ( Figure 4 ). This result was in line with the positive association of the turquoise module with the PA oncogenesis. WGCNA showed that all the top 30 genes were downregulated in the blue module, which appeared in an obviously negative correlation with PA oncogenesis. Among them, 18 genes were downregulated with fold change 44.
In addition, GO and pathway enrichment analyses of the top 30 genes in the blue module were involved in protein bind function, immune response, Fc gamma R-mediated phagocytosis and osteoclast differentiation (Table 3) . These results further support our hypothesis that the blue module genes may have the functionality of inhibiting PA progression.
Methylation analysis A total of 458 180 methylation site was retrieved from 67 samples after preprocessing the methylation chip (Supplementary Figure S4) . The analysis using the CpGassoc package indicated that 32 418 sites were significant by the Holm method and 157 873 sites were significant by Benjamini and Hochberg method. The Table 4 lists the top 10 methylation sites (Table 4) . Thereinto, 14 genes, including DOCK2 and FCGR2A, contained methylation sites and they were significantly associated with the PA (Table 5) . DISCUSSION PA, classified by the World Health Organization as grade I tumors, is one of the most common brain tumors in children. Mechanism of PA remains largely unknown; therefore, it is necessary to develop several biomarkers for PA treatment. In this study, we analyzed the gene expression data and methylation data from pediatric PA, and created WGCN network using the gene expression profile data by WGCNA method. The genes in blue module (for example, DOCK2 and FCGR2A) were found to be negatively correlated with PA via regulating Fc gamma R-mediated Screening of crucial genes in pediatric PA H Zhao et al phagocytosis pathway, and their downregulated expression may be attributed to methylation. DOCK2 (encoded by DOCK2 gene), a member of the CDM protein family, is involved in remodeling of the actin cytoskeleton required for lymphocyte migration through the activation of RAC. 28 It has been proved that DOCK2 regulated cell motility and cytokine production via the activation of Rac in mammalian hematopoietic cells and had a pivotal role in the modulation of the immune system. 28 Huang et al. 29 proved that upregulation of immune defense-associated genes was involved in the biologic behavior of PA. Hence, DOCK2 may have a key role in PA. On the other hand, DNA methylation is important for brain development as genetic diseases based on defects therein result in mental retardation, especially in gliomas. 30 Montaño et al. proved that DNA methylation of DOCK2 promoted the adrenocortical tumors progression via the transcriptional activator function. 31 The neuronspecific methylation of DOCK2 was involved in the neural differentiation in brain tumors. 32 Besides, mutations of DOCK8, a Abbreviations: CHR, chromosome; CpG, the CpG label of each selected methylation site using the CpGassoc software; PA, pilocytic astrocytoma. Abbreviations: CHR, chromosome; CpG, the CpG label of each selected methylation site using the CpGassoc software; FDR, false discovery rate.
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homologue of DOCK2, have been shown to cause a combined immunodeficiency syndrome in humans. 33 Also, the reduced DOCK8 expression is caused by the DNA methylation in human lung cancer. 34 In this study, the DOCK2 was downregulated in the blue module of PA, we speculated that aberrant methylation may decrease DOCK2 and DOCK8 expression levels, consequently decreases immune function of macrophages in the pediatric PA via the Fc gamma R-mediated phagocytosis pathway, and then lead to PA development.
Meanwhile, FCGR2A (encoded by FCGR2A gene), is a member of the family of immunoglobulin Fc receptor genes (FCGRs) that was found on the surface of many immune response cells. 35 The activated FCGRs, produced by natural killer cells, macrophages and dendritic cells that could positively regulate antibody-dependent cellular cytotoxicity, 36 has been reported to have important roles in the elimination of tumor cells. 37, 38 It has also been proved that the processing and presentation of antigens by macrophages is influenced by Fc receptors in the steady state and during inflammation. 39 Previous study revealed the distribution pattern of macrophages underlying the complex immunological function of the macrophage cell system in human brain tumors. 40 Also, the immune cell infiltrate differences could distinguish the low-grade PA and from high-grade glioblastoma. 41 Thus, FCGR2A may be involved in the PA via macrophages. Furthermore, phagocytosis is critical for maintaining cellular homeostasis and autophagy deficiencies results in the accumulation of impaired macromolecules and organelles, subsequently eliciting oxidative stress, DNA damage and chromatin instability. Therefore, the reduced autophagic activity may represent a hallmark of cancer. 42 DNA damage resulted in the DNA methylation in many cancers by downregulating several cancer-related genes expression levels, such as brain tumor. 43 Role of FCGR2A in brain tumor has not been fully discussed. However, FCGR2A was downregulated caused by the knockdown of LGR5 in glioblastoma, which was required for brain cancer cells survival. 44 Promoter methylation inhibited the FCGR2A expression in breast cancer. 45 Based on our data, we speculated that methylation contributed to the reduce expression of FCGR2A, followed by decreasing the immune function of macrophages in the pediatric PA via the Fc gamma R-mediated phagocytosis pathway, and then resulted in the PA development.
In conclusion, the study attempted to identify several novel genes and pathways that associated with PA. The DOCK2, DOCK8 and FCGR2A, which was downregulated by the methylation, may represent potential therapeutic targets for PA treatment via the Fc gamma R-mediated phagocytosis pathway. However, further studies are needed to confirm our findings. This work offered an example that data mining of public sources of gene expression is an effective way to identify novel tumor-associated genes.
